Drawing on hydrology, rainfall, and climatic data from the past 25 years, this article investigates the effects of climate change on water resources in the transnational Blue Nile Basin (BNB). The primary focus is on determining the long-term temporal and seasonal changes in the flows of the Blue Nile in Ethiopia at the border to Sudan. This is important because the Blue Nile is the main tributary to the Nile river, the lifeline of both Sudan and Egypt. Therefore, to begin with long-term trends in hydrological time series were detected by means of both parametric and 
Introduction
The upper Blue Nile Basin (uBNB) in the Highlands of Ethiopia plays a key role in the hydrology of the Nile region. More than 60% of the total Nile river streamflow that reaches Sudan and Egypt is generated in the Ethiopian part of the BNB. This hydrological imbalance has, in the past, caused controversy and dissatisfaction among the affected riverine countries. With climate change looming and uncertainty rising as to its potential impacts, research is needed that examines how possible changes might affect the region. The potential impacts of climate change on the Nile Basin are of particular concern given their geopolitical and socioeconomic implications (Niang et al., 2014) . The Blue Nile is expected to have a lower streamflow by the end of the 21st century because of declining precipitation and increasing use of water for irrigation and hydropower (Elshamy et al., 2009; Mccartney et al., 2012) . Accordingly, Beyene and Meissner (2010) 
estimated that
Nile flows will first increase until mid-century, and then begin declining under scenarios A2 and B1 (see subsection 5.2 on page 17 for details) because of increased evaporation and declining rainfall. Abdo et al. (2009) projected a decline of outflow from Lake Tana by 2080, while Taye et al. (2011) reported inconclusive findings as to possible changes in runoff. There have been several studies on future hydroclimatic variability impacting the BNB (Adem et al., 2016; Aich et al., 2014; Arsano and Tamrat, 2005; Beyene and Meissner, 2010; Sutcliffe and Parks, 1999) as well as on corresponding historic variability (Conway, 2000; Kebede et al., 2006; Mccartney et al., 2012) . Very few studies have coupled climate change models with watershed models (Adem et al., 2016; Beyene et al., 2009; Wagena et al., 2016) . Model coupling is critical to assess the possible impacts of climate change on both regional water resources and local landscape erosion. Most of the relevant studies used lowresolution spatial input data (FAO, SRTM, global land cover) and a limited number of gauges for calibration (Aich et al., 2014) . Taye et al. (2015) compared several studies on climate change in the BNB. They reported changes in future streamflow from 10% to 94%. Beyene et al. (2009) reported projections of precipitation increase as high as 25% by the end of the century .
Future water resource development in the BNB will be driven predominantly by hydropower and agriculture needs, requiring large volumes of stored water (Mccartney et al., 2012) . The Ethiopian government is currently implementing the Grand Ethiopian Renaissance Dam near the Ethiopia-Sudan border. It will have a major impact on the region. There is an increasing need for corresponding estimates of current and future streamflows. At the same time, strong scientific evidence indicates that average global temperature (IPCC (Intergovernmental Panel for Climate Change), 2008) will rise 1.4-5.8 • C by 2100, with average sea levels rising 10 cm over the same period. However, climate scenarios are expected to vary considerably in time and space, affecting climatic and meteorological variables very differently depending on the region, with major impacts on local natural environments and human systems. Whatever the case, any change in average global temperature will affect the spatial and temporal occurrence of rainfall. This, in turn, will affect hydrological cycles, water balances, and the resulting availability of water resources. Intergovernmental Panel on Climate Change (IPCC) findings indicate that a country like Ethiopia will most likely be more vulnerable to climatic change because of its particular climatic, hydrologic, and economic circumstances. Estimating future rainfall changes over sub-Saharan Africa remains challenging; nevertheless, in regions with high or complex topography like Ethiopia, downscaled projections point to increases in rainfall and extreme rainfall (Niang et al., 2014) . Notably, Ethiopia mainly depends on rainfed agriculture and available water resources in the Highlands, while large parts of its southern and eastern regions are extremely arid and prone to drought and desertification.
The present study seeks to assess the impacts of climate change on the hydrological regime of the Abay Basin in the 21st century, using statistically robust globally modelled climate data that possess a climate change component. To date, research on basin characteristics, hydrology, and climatic conditions in the upper BNB has been meagre and relatively fragmented (Conway, 1997; Dessie et al., 2014; Mishra et al., 2004) . Further, the reliability and availability of hydrological and meteorological data for the region are very limited, and the data that are available display poor quality and large gaps. Kim and Kaluarachchi (2009) evaluated the impact of six climate change scenarios on water resources in Ethiopia's upper BNB, using weighted values of outcomes. They relied on two streamflow stations (El Deim and Kessie) for the entire BNB as well as nine weather stations (from the National Meteorology Agency) for climate data. Their results did not include goodness of fit for the model used and only reflected changes in flow regimes for different scenarios. Their results indicated increasing rainfall in the dry season coupled with increasing flood risks in downstream countries based on high-flow statistics. In a separate study focused on the implications of climate change for hydrological extremes in the BNB, Taye et al. (2011) concluded that the overall trend emerging from many different streamflow projections is towards increasing high and low flows, leading to a reduction in drought events.
Legesse Gebre and Fulco (2015) used the Hydrologic Engineering CenterHydrological Modelling System (HEC-HMS 3.5) model to simulate the effects of two climate change scenarios on the hydrological regimes of the upper Blue Nile catchment. They concluded that Nile river flows would increase from 74.8% to 127.4% for these two scenarios. for details) to analyse climate change effects on the upper Gilgel Abay using the Soil and Water Assessment Tool (SWAT) and the HadCM3 from the Hadley Centre in the UK. They concluded that both scenarios would lead to an increase in precipitation from September to February and a notable decrease from May to August. According to their results, mean annual streamflow would increase by 10% (A2 scenario) or 6.4% (B2 scenario) by the end of the century. However, according to Girvetz et al. (2012) knowing how temperature and precipitation is projected to change on average in the future is not very useful for decision support. Instead, precipitation and temperature changes must be used to create more adapted applications and information indicating the corresponding impacts on water supply, biodiversity, agriculture, and more. There is a need to deliver this data in a comprehensible format and with understandable conclusions to decision-makers, planners, and engineers.
Study area
The upper BNB is located in the northwestern part of Ethiopia; it is the largest tributary of the Nile River and covers a drainage area of 175,000 km 2 . Its extent goes from the escarpment of the Rift Valley in the east to the Sudanese border in the west and from Lake Tana in the North down to Ambo (see Figure 1) . The upper BNB covers 17% of Ethiopia's surface area, generates 43% of the country's total average runoff, and is home to about 25% of its total population (Taye and Willems, 2012) . The BNB's elevation ranges from 350 m asl near the Sudanese border to stations, and agro-ecological zones according to Hurni (Hu et al., 2007). 4,230 m asl in the central part of the basin (Betrie et al., 2011; Taye et al., 2015) . The climate of the basin varies significantly according to the altitude and is governed by the seasonal migration of the Inter-Tropical Convergence Zone, or ITC (Mccartney et al., 2012) . Annual rainfall varies from 400 mm near the Ethiopia-Sudan border to 2,200 mm in the Didesa and Dabus sub-basins. The eastern part of the BNB has a bimodal rainfall regime with the short rainy season (belg) lasting from February to May and the long rainy season (kremt) lasting from June to September. The western part of the BNB has a unimodal rainfall regime with the kremt lasting from June to September. The Blue Nile River discharge regime is highly seasonal with over 80% of its annual discharge occurring from July to October, and only 4% from January to April (Kim and Kaluarachchi, 2009; Sutcliffe and Parks, 1999) . The upper BNB contributes roughly from 60 to 70% of the total annual flow component of the main Nile (Nawaz et al., 2010) .
Sub-basins of the Abay Basin
This section briefly describes the eight sub-basins used to model the upper Blue Nile Basin in this study. Each sub-basin was defined according to certain criteria dictated by data availability and locations of discharge and rainfall measuring stations. Although the Lake Tana sub-basin is part of the Abay basin, it was not considered for modelling because of its many irrigation schemes and because of the water abstraction via the Lake Tana-Beles hydropower scheme . As no data were available for modelling the Lake Tana sub-basin, the present research focuses on the Blue Nile river from the outlet of Lake Tana to the Sudanese border (see Figure 1 for details).
The Beles sub-basin
The Beles sub-basin is by far the smallest sub-watershed of the Abay. The elevation ranges from 944 m asl up to 2736 m asl over an area of 3526 km 2 . It is located at the northern end of the Abay, southwest of Lake Tana. The Beles sub-basin contributes roughly 1.5% (mean contribution, 1989-2002) of the total outflow of the Abay River at the lower Abay outflow.
The Kessie sub-basin
Approximately 48,961 km 2 with a range extending from 1011 m asl to 4245 m asl make up the Kessie sub-basin. The Kessie sub-basin was given by the availability of discharge data between Lake Tana and the Kessie Bridge. No data on large tributaries or data on the Blue Nile River were available in between. Consequently, the sub-basin was modelled as seen in Figure 1 . Climate Forecast System Reanalysis (CFSR) data were used for simulation , as were available rainfall data from the Water and Land Resource Centre (WLRC) covering the eastern parts of the basin from 1981 to 2013. The Kessie watershed contributes roughly 35% streamflow to the Abay Basin and is computed using the Lake Tana sub-basin as inlet.
The Temcha sub-basin
The Temcha basin is located at the centre on the north side of the Abay basin and covers an area of 5,526 km 2 with an altitudinal range extending from 748 m asl up to 4088 m asl. Rainfall data from WLRC and from CFSR were used for simulation. The Temcha sub-basin contributes an average of 2.4% to the total outflow of the Abay Basin.
The Muger sub-basin
The Muger sub-basin is located to the southeast of the Abay Basin. Studies (Azagegn et al., 2015; Berehanu et al., 2017) show that the aquifer system is connected to the upper Awash basin, which drains towards the southeast. This singularity combined with a lack of data makes calibration of the Muger basin very difficult. On average, the mean contribution of the Muger sub-basin is 0.97%.
The Didesa sub-basin
The Didesa sub-basin is on the south-westerly side of the Abay Basin and has the second-largest area of the sub-basins covering roughly 28,189 km 2 . The Didesa sub-basin ranges form 609 m asl up to 3210 m asl. On average the Didesa sub-basin contributes 10.9% to the outflow of the Blue Nile.
The Dabus sub-basin
The Dabus sub-basin is located at the westernmost side of the Abay basin and covers an area of approximately 14,741 km 2 . Its elevation ranges from 467 m asl to 3130 m asl. It drains northwards into the lower Abay and displays the highest mean rainfall in the basin (2200 mm). This high mean annual rainfall is reflected in its high contribution to the total Blue Nile flows. On average, the Dabus sub-basin contributes 20.8% to the total outflows.
The Lake Tana sub-basin
Running from the source of the Abay to Lake Tana, this sub-basin is dominated by several hydropower schemes, one of which is the Tana-Beles hydropower plant. However, since the water outtake could not be reliably modelled, the present study omits the Lake Tana basin and instead uses discharge data from Lake Tana as inflow data to the Kessie sub-basin.
The lower Abay sub-basin
The lower Abay sub-watershed is the largest watershed in the research area. It spans from the Kessie Bridge down to the Sudanese border. The lower Abay subwatershed was simulated with inlets from the six other sub-basins described above. On average, the lower Abay watershed receives 77% of the streamflow from above and contributes roughly 23% from its surface. Further, an annual average of 1,734.5 cubic meters per second (cms or m 3 /s) flow out of the sub-basin, with the peak outflow occurring in August at about 6,147 cms and the lowest outflow occurring in March at about 225.7 cms. The mean yearly contribution of the entire upper Abay basin is 54,697,000,000 m 3 or 54.6 km 3 .
Materials & methods
The Soil and Water Assessment Tool (SWAT) is a physically based, spatially distributed, continuous-time hydrological model used to simulate continuous-time landscape processes at the catchment level (Arnold et al., 1998; Neitsch et al., 2011) .
Using SWAT, the research catchment is divided into lumped non-spatial hydrological response units (HRUs), which are units with similar soil types, land use, and slope classes. The model uses HRUs to describe spatial heterogeneity in a watershed. The major model components include hydrology, climate and weather, erosion/sedimentation, plant growth, nutrients, pesticides, land management, and stream routing. The model predicts hydrology at each HRU using the following water balance equation van Griensven et al., 2012) 
The SWAT model includes sub-basins, reservoirs, and channel-routing components.
The sub-basin component simulates runoff, erosion, soil water movement, evapotranspiration, crop growth and yield, soil nutrient and carbon cycling. The reservoir component detains water, sediment, and pollutants. Finally, the channel component routes flows and sediments and degrades nutrients, pesticides, and bacteria during transport (Douglas-Mankin et al., 2010) .
Model input
In order to run the SWAT model, it was necessary to prepare several sets of spatially distributed data. The ArcSWAT interface requires a Digital Elevation Model (DEM), soil data, land use data, and rainfall data including climate data (see Table 3 on page 15 for details). Finally, measured rainfall and streamflow data were used for calibration and validation. The availability of streamflow data was decisive regarding the final definition of sub-basins for use in our model. The upper Blue Nile was divided into seven sub-basins according to the availability of streamflow data (see Figure 1 for details).
DEM
Topography was defined using a Digital Elevation Model (DEM) with a 30 × 30 m resolution from the Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER). The DEM is used to delineate the watershed and to analyse drainage patterns. The river network was created using the ArcGIS interface and was validated by means of existing river networks derived from satellite images and by means of ground-truthing during fieldwork. The DEM was further used to define slope gradients; slope length; channel slope, length, and width; and sub-watersheds.
Land use and soil data
The initial land use and land cover data sets obtained were produced at a spatial resolution insufficient for the requirements of this study and were not related to topography. The Global Land Cover Characterization (GLCC) database of the United States Geological Survey (USGS) is produced at a resolution of 1 km (Ali, 2014) , while the map from the Eastern Nile Technical Regional Office (ENTRO)
only has five dominant land use categories (Easton et al., 2010) and the BCEOM only has seven land cover categories (Dessie et al., 2014) . High-resolution land use maps were only available for small watersheds within the target area, such as, for example, the high-resolution land use maps of the WLRC (Setegn et al., 2010 Hurni et al., 2015) . For the present study using SWAT, additional land use classes were needed to represent the system. Thus, new land use classes were added to the ELD classes by incorporating two additional datasets: (1) the FAO's farming and cropping system and livelihood zone map (Medhin, 2011) ; and (2) the agro-ecological zone maps of Hurni (1998) with integrated local knowledge from local partners (see Figure 2 and Table 1 for details).
Similarly, soil maps were combined from different sources and reclassified for better integration into the SWAT model. For this purpose, soil maps from Brunner (2012) with a soil topography relationship were reclassified with the superordinate soil categories containing more specific soil categories from the Harmonized World Soil Database (HWSD). Reclassification was performed based on spatial and geomorphological conditions of the different soil types. This made it possible to link the HWSD soil classes with the soil parameters of the SWAT database (see Figure 3 and Table 2 for details). NMA and WRLC climatic stations in the respective sub-basins. Time series were compared for mean monthly rainfall and for seasonal lows and peaks. Goodness of fit was determined through the Root Mean Square Error-observations standard deviation ratio (RSR), the Nash-Sutcliffe Efficiency (NSE), and the percent Bias (PBIAS) while also monitoring ME, R2, skewness, standard deviation as well as the number of recorded years and mean yearly rainfall. Of the initial 399 CFSR stations covering the entire BNB, a total of 42 were retained for SWAT simulations because their data significantly correlated with measured NMA and WLRC data (see Figure 1 for details).
Discharge data
There are relatively few reliable hydrologic stations in the Abay Basin, despite its size. This is mainly due to general inaccessibility, remoteness, and economic constraints on setting up and maintaining adequate monitoring networks (Kim and Kaluarachchi, 2008) . Thus, for the present study, river discharge data were obtained from different sources. Daily discharge data were obtained from the International Water Management Institute (IWMI) of the Hydrology Department of the Ministry of Water Resources of Ethiopia, and from the WLRC in Ethiopia. The sub-basins in the SWAT were designed to fit the available hydrological stations (see Figure 1 for details). Still, the available discharge data were characterized by significant gaps, occasional extremes for no apparent reason, and missing data. Thus, whenever possible, the apparently unreliable stations were removed and sub-basins were modelled using the most reliable data sources possible.
Climate change data
The CFSR data from 1979 to 2013 were adopted as the baseline climate scenario for the Abay Basin, indicating typical precipitation and temperature patterns. Three General Circulation Models (GCM) were used to model future climate change. The Three different GCMs were used because it is typically difficult to select a specific GCM for a given study area. The precipitation and temperature files for the simulation periods were acquired in SWAT file format from the Climate Change Data for SWAT website (CMIP3, cmip .tamu .edu /cmip, unfortunately this website is not currently online). This website makes downscaled and bias-corrected data available that span the entire globe and have been generated through a collective effort between The World Bank, The Nature Conservancy, Climate Central, and Santa Clara University, USA (Girvetz et al., 2012) . Additionally, each GCM corresponds with different scenarios of future development. Each scenario represents a specific quantification of one of four possible "storylines". For the present research, the A1B scenario was used: it posits a future world featuring rapid economic growth, a global population that peaks by mid-century (2050) and declines thereafter, and the rapid introduction of new and more efficient technologies. Under the A1B scenario, the technological emphasis is balanced across all energy sources (IPCC, 2000),
i.e. no one particular energy source is relied upon. Storylines A2 (self-reliance and preservation), B1 (service and information economy), and B2 (environmental protection and social equity) were rejected for credibility reasons.
Climate change in the Abay Basin
Under the IPCC A1B scenario the three models (CCCMA, CNRM, MRI) show similar trends for temperature change for both of the two chosen periods (2046-2064 and 2081-2099) . The absolute temperature change varies from +2.0 • C (10.3%) to +2.7 • C for the mid-century period and from +2.7 • C to +3.7 • C (18.8%) for the end of century period for the Abay Basin (see Table 9 on page 21 for details). All GCMs show that the mid-century significantly deviates from the baseline but the end of century projection will generally increase but to a lesser extent than the mid-century temperature from the baseline (see Figure 4 on page 14 for details).
All GCMs project a general temperature increase with a more or less significant loss of seasonality. The CCCMA and MRI models show a small variation of mean monthly temperature throughout the year (±4 • C) and do not show the temperature drop from June to September, which is consistent with the projected rainfall pattern.
The CNRM model projects a strong increase of temperature from January to April and a significant drop in mean temperature after May.
Under the A1B scenario, the three GCMs display similar patterns of precipitation change over the upper Abay basin. All three GCMs showed that changes in precipitation will not only affect the mean total yearly amount of rainfall (changes from +17.7% to +46%) but will also impact the annual rainfall distribution (see Figure 4 for details). All three GCMs point to an increase in mean annual precipitation (varying from +241 mm to +639 mm for the mid-century period, see Table 7 on page 20 for details).
The end of century period shows a further increase in mean annual precipitation for the CNRM and the MRI models going from +381 mm (+27%) to +671 mm (+48%).
The CCCMA model projects a decrease from mean annual mid-century rainfall to +7% from baseline. All GCMs show a similar trend regarding the annual distribution of rainfall (see Figure 4 for details). For the mid-century period peak mean monthly precipitation is reduced but the duration of the rainfall period is extended to before and after the baseline rainfall period (January to May and September to December, respectively).
The end of century period shows a reduced increase in precipitation compared to the baseline for the CCCMA projection and further increases for the CNRM and the MRI projections. All projections display a clear decline in seasonal rainfall during the main rainy season, with rainfall shifting to earlier months in the year and a longer duration of the rainfall season (January to September) and generally lower monthly peaks throughout the year. 0 −12 to 4 −6 to 6 −6 to 5 −9 to 9 −5 to 10 −8 to 10 −10 to 10 GW_DELAY 0 to 500 0 to 80 60 to 100 40 to 250 10 to 400 5 to 100 1 to 60 10 to 350 GWQMN 0 to 5000 3000 to 5000 2000 to 2500 1000 to 3500 3000 to 5000 2000 to 5000 100 to 4000 3500 to 5000 GW_REVAP 0.02 to 0. 
Methodology
The SWAT model was set up using the ASTER Digital Elevation Model with a resolution of 30 × 30 m. Sub-basin partitioning and stream networks were first computed automatically with ArcSWAT, and then adapted to the outlet feature classes to reflect the available river gauges (see Figure 1) . Each of the six upstream watersheds (Beles, Kessie, Temcha, Muger, Didesa, and Dabus) was calibrated individually using the baseline climate data and the available streamflow data. Each watershed was then run for the entire period from 1979 to 2014 using the calibrated parameter settings. This final run from each sub-basin was then used as an inflow data to the lower Abay watershed during its calibration run. Each watershed was calibrated using 500 simulations for each iteration. Initial parameter range values were set at the same absolute magnitude for each sub-basin (see Table 4 for details).
After calibration and validation, each of the seven upstream watersheds was run once with the best simulation parameters using the climate change rainfall and temperature data from CMIP3. Thus, each watershed was run for three different GCMs and each GCM was run for scenarios A1B. Each scenario for each GCM was compared and analysed regarding outcomes according to scenarios A1B (see subsection 3.2.1 for details on A1B).
Model performance evaluation
The seven watersheds were calibrated using SWAT-Cup (Abbaspour, 2005 (Abbaspour, , 2015 Abbaspour et al., 2007) while using model performance ratings from different sources. The model evaluation was first performed using calibration techniques suggested by Abbaspour (2015) and Arnold et al. (2012) for the p-factor and the r-factor before statistically rating the performance as recommended by Moriasi et al. (2007) , Van Liew et al. (2007) , and Saleh et al. (2000) The goodness of fit was determined by the coefficient of determination (R 2 ), the Nash-Sutcliffe efficiency (NSE), the ratio of the root mean square error (RMSE) between simulated
and observed values to the standard deviation of the observations (RSR), and the coefficient of determination multiplied by the slope of the linear regression between simulation and observation (bR 2 , Krause et al., 2005) .
The p-factor is the percentage of observed data enveloped by the modelling result, also known as the 95 percent prediction uncertainty (95PPU) while the r-factor is the relative thickness of the 95PPU band (see Abbaspour et al., 2004, and Schuol et al., 2008, for details). Depending on the quality of measured data the p-factor should range around 0.60 while the r-factor should be <1.3. Once p-factor and r-factor are satisfactory model performance can be statistically evaluated using R 2 , NSE, bR 2 , and RSR.
Results & discussion
This section first discusses the calibration and performance ratings of the subwatersheds of the upper Abay basin before presenting the results of applying climate change data to the calibrated model.
Subwatershed calibration and validation
Six sub-basins of the upper Abay were calibrated individually and their calibrated outflows were used as inflows for the lower Abay basin (see Figure 6 for details). The calibration of the six sub-watersheds performed satisfactorily to very good. Larger sub-watersheds performed better than smaller ones. The lower performance of the Muger sub-watershed could be due to the above-mentioned loss of water via the aquifer connection between the Muger and the Awash basin, which could not be accounted for. The Muger sub-watershed had long periods of low flows that could not be calibrated using this parameter setup, and the model could not be further adapted due to lack of reliable information. Nonetheless, the model performed well overall (see Tables 4 and 8 respectively), as indicated by the good results of R 2 , NSE, bR 2 , and RSR (see section 4.1 for details on model performance as well as Table 8 for calibration and validation results).
Application of climate change data
The streamflow of the Abay basin is composed of six inflows from upstream watersheds (see Figure 1 for details). These watersheds were used to generate the total outflow from the Lower Abay basin and the total outflow of the upper Blue Nile Basin. The results are divided according to the two projected periods in the 21st century.
The upper Abay Basin from 2046 to 2064
Application of the three GCM models to the SWAT points to a shift away from the current main outflow season towards an earlier peak (temporally) and a longer, more gradual extension of annual outflow (see Figure 5 for details). Generally, an increase Table 8 on page 21. of between 21% and 30% is projected over the current outflow, which presently stands at 1,734 m 3 /s. The CCCMA and the MRI model both project a strong increase in flows from January to June with an equally strong decrease for the period June to
November. The CNRM model projects a shift in the main rainy season moving it towards the end of the year with a peak in September and a higher distributed outflow throughout the year. All projected outflows follow their respective projected rainfall pattern regarding seasonality. This means that streamflow shifts in the same direction as projected rainfall shifts. Regarding rainfall amounts and rainfall amount changes, the relationship to streamflow is less apparent. The CCCMA model estimates that mean average yearly rainfall will increase approximately 36%, resulting in a streamflow increase of 27% at the outflow of the Abay river. The CNRM model projects an increase of 17.4% in mean annual precipitation, resulting in a streamflow increase of 30%. Finally, the MRI model projects an increase of 46% in mean annual precipitation, resulting in an increase of mean streamflow of 21.2%.
The upper Blue Nile Basin from 2081 to 2099
Application of the climate change scenarios for the period at century's end revealed a more pronounced change in outflows from the upper Abay basin. The CCCMA model projects an increase in mean annual precipitation of +7%, resulting in an increased annual outflow of +0.7%, coupled with a strong temporal shift away from the baseline rainy period. The CNRM model projects an increase in mean annual precipitation of +27%, resulting in a mean monthly streamflow increase of +76%. The predicted streamflow is mainly distributed around the baseline peak period, accompanied by a prolonged outflow increase between May and December and generally increased streamflow between January and May (see Table 5 for details). The MRI model projects an increase of 48% in mean annual precipitation, coupled with a clear temporal shift in rainfall towards the beginning of the year, peaking in April. This leads to a strong increase in streamflow (+97%) between January and May, followed by a slow decrease through November before starting again in December (see Table 5 for details).
The upper Blue Nile flows in the Nile Basin
According to Siam and Eltahir (2017) , the long-term flows of the Nile (1900 Nile ( -2000 are approximately 80 km 3 y −1 ; they project these flows to increase to 92 km 3 y −1 by the end of the 21st century (see Table 6 for details).
In the present study, Abay basin baseline outflows from the calibrated SWAT model were compared with projected outflows after applying the three GCMs for the two as high as 69.5 km 3 y −1 for the mid-century period, followed by a decline back down to 55.1 km 3 y −1 for the period at century's end. The CNRM model projects an increase to as high as 71.6 km 3 y −1 for the mid-century period, followed by an additional increase to as high as 96 km 3 y −1 for the period at century's end. The MRI model projects an increase to 66.3 km 3 y −1 around mid-century, followed by another increase to arrive at outflows as high as 108 km 3 y −1 (roughly double the baseline)
for the period at century's end.
Uncertainty of climate change application and of ensuing impacts on streamflow
Hydrological modelling virtually always contains uncertainty. This stems in particular from (1) the uncertainty of recorded field data (Abbaspour et al., 1997) , and (2) the uncertainty of the applied hydrological model itself (Adem et al., 2016) .
When applying climate change models, additional uncertainties are introduced including that of (3) the internal variability of the climatic system, (4) the development of the climatic system, and (5) the implementation of these changes within the GCM and the technique used for downscaling (Bates et al., 2008) . In this way, the present research has clear limitations. Each of the above sources of uncertainty applies, and not all of them can be quantified. Thus, the results should be treated with appropriate caution. 
Conclusions
Despite improvements in climatic modelling, the findings of this study highlight remaining uncertainty between different GCMs regarding projected changes. The results indicate similar trends, but divergent patterns of precipitation and temperature change. Regarding future temperature changes in the Abay basin, all three GCMS predict increases in mean temperature, including similar temperature peaks and similar drops in mean monthly temperature. Further, all three GCMs project that the main rainy season will gradually decline in intensity, with precipitation becoming more distributed throughout the year. The projected temperature and precipitation changes, in turn, have noticeable impacts on modelled streamflows. Generally, the streamflows are projected to increase, either mildly (+0.71%) or dramatically (+97%). Consequently, baseline streamflows are projected to be higher throughout the year. All in all, this could result in increased water availability for rainfed agriculture, domestic consumption, and hydroelectric production. Sudan and Egypt could also benefit from more constant and increased water flow. Nevertheless, uncertainty remains over how climate change will affect the Blue Nile outflows. This, again, is evidenced by the climate change data applied for analyses in the present study. While the three applied models matched in terms of general trends, they diverged with respect to the outcomes for the basin's monthly precipitation and streamflow. At the same time, despite the large differences in projected (absolute) streamflow values, all the models predict more or less dramatic changes in annual patterns of rainfall and temperature. The results suggest that the policy focus should remain on knowledge generation and adaptation to possible outcomes and on mitigation of climate change impacts.
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